There are numerous riveting points on the large-sized aircraft panel, irregular row of riveting points on delta wing. It is essential to plan the riveting sequence reasonably to improve the efficiency and accuracy of automatic drilling and riveting. Therefore, this article presents a new multi-objective optimization method based on ant colony optimization (ACO). Multi-objective optimization model of automatic drilling and riveting sequence planning is built by expressing the efficiency and accuracy of riveting as functions of the points' coordinates. In order to search the sequences efficiently and improve the quality of the sequences, a new local pheromone updating rule is applied when the ants search sequences. Pareto dominance is incorporated into the proposed ACO to find out the non-dominated sequences. This method is tested on a hyperbolicity panel model of ARJ21 and the result shows its feasibility and superiority compared with particle swarm optimization (PSO) and genetic algorithm (GA).
Introduction1
Generally, an aircraft includes plenty of panels. These parts are assembled by automatic drilling and riveting system to improve their assembly efficiency and accuracy. Their assembly is so complex and difficult that plenty of work time is taken by the assembly of the panels. In order to improve the assembly efficiency and accuracy, assembly sequence for automatic drilling and riveting process must be optimized. However, little research has been devoted to it. At present, automatic drilling and riveting sequences are decided by engineers' experience. The experience cannot effectively improve riveting assembly efficiency and make it be optimal. So this article presents a new multiobjective optimization method based on ant colony optimization.
The ant colony optimization (ACO) is a generalpurpose stochastic optimization method with many advantages, such as positive feedback, distributed computing, parallelism as well as strong global convergence. The ant colony approach imitates the behavior shown by real ants when searching for food. The approach shows superiority through its internal search mechanism when it comes to combinatorial optimization problems like the traveling salesman problem (TSP).
There are other optimization algorithms, for example particle swarm optimization (PSO) and genetic algorithm (GA), which are used to handle similar problems.
PSO is a population based stochastic optimization technique developed by Dr. Eberhart and Dr. Kennedy in 1995 [1] [2] , inspired by social behavior of bird flocking or fish schooling. In the past years, PSO has been successfully applied to many research and application areas. It is demonstrated that PSO gets better results in a faster, cheaper way compared with other methods. But PSO also has premature convergence, especially in large-scale and complex multi-peak-search problems.
GA is a stochastic optimization technique based on the mechanism of natural evolution and survival of the fittest strategy found in biological organisms. It has been successfully applied to solving many combinatorial optimization problems because of its strong global search capability. However, GA shares the similarity with PSO that it has the drawback of premature convergence.
We consider two objectives for the optimization of automatic drilling and riveting sequence planning: maximizing accuracy and minimizing time spent on the process. In the case of multiple objectives, there may not necessarily exist a best solution with respect to all objectives but a set of solutions called Pareto-optimal solutions because of conflict among objectives [3] [4] [5] . Each solution in this set is Pareto-optimal solution or non-dominated solution. The method presented in this article intends to seek a set of Pareto-optimal automatic drilling and riveting sequences.
Pareto-optimal Solutions and Pareto Operation
For a problem with more than one objective function, the relationship between any two solutions S 1 and S 2 is that one dominates the other or none dominates the other. Solution S 1 dominating S 2 should meet the following two conditions:
(1) The solution S 1 is no worse than S 2 in all objectives, that is f j (S 1 ) f j (S 2 ) ( j=1,2, , M objectives).
(2) The solution S 1 is better than S 2 in at least one objective, f j (S 1 ) f j (S 2 ) ( denotes no worse and denotes better).
If the above-mentioned conditions are satisfied, then solution S 1 is also called non-dominated solution between the two solutions, or Pareto-optimal solution [6] [7] . For a set of N solutions, each solution has M objective function values, and the non-dominated set of solutions can be found by applying the following procedures [8] .
Step 1 Initialize i=1;
Step 2 For all j i, compare solutions S i and S j for domination using the above two conditions for all M objectives;
Step 3 For any j, if S i is dominated by S j , mark S i as "dominated solution", meanwhile increase i by one and go to Step 2;
Step 4 If i=N, go to Step 5, else repeat Step 2;
Step 5 All solutions that are not marked "dominated" are "non-dominated solutions".
In this article, we call the procedures described above "Pareto operation". In most multi-objective optimization problems, those objectives are conflicting to each other, and the main goal is to achieve the first (or the best) non-dominated level [6] .
Multi-objective Optimization Model of Automatic Drilling and Riveting Sequence Planning

Introduction to automatic drilling and riveting system
The automatic drilling and riveting system is automatic equipment with multiple degrees of freedom. Usually, the system mainly includes an automatic riveter, pairs of parallels, a bracket system, two columns and a working platform. Fig.1 shows an overview of the system where X G -Y G -Z G is the global coordinate system, X-Y-Z the coordinate system of machine tool, X W -Y W -Z W the coordinate system for defining the workpiece which is fixed to the bracket. The riveter can move along the X-axis and Y-axis parallels. The bracket moves along two Z-axis columns, and changes angle A by making the bracket rotate around the X direction while angle B by moving different displacements of the bracket's two ends (there are telescopic devices at the two ends of the bracket).
The automatic drilling and riveting process is described as follows. Firstly, the riveter moves along the X-axis and Y-axis parallels to the position of a riveting point. Then adjust the point's normal vector to coincide with the axis of the riveter's tool by the adjustment of angle A and angle B. After that, the riveter begins to drill and rivet till all the points are processed.
Without loss of generality, here we define some assumptions in order to build the model more reasonably and easily.
Assumption 1 There are many factors that cause deformation of a panel, including dead weight of the bracket, jigs and the panel itself, structural style of the bracket, temperature changes, et al. The research object of this article is the panel whose deformation is already obtained by measurement. According to on-site experience, riveting process behavior does not affect deformation of a panel very much due to powerful support of the riveter's tool to the panel; so we will not focus on this factor too much in this article. 
Assumption 4
Before processing every riveting point, it is necessary to adjust the normal direction of each point to coincide with the axis of the riveter's tool [9] . In order to protect the panel against scuffing, the riveter's tool is at a constant height h away from the surface of the panel. Height h is termed as "leveling position". The riveter's tool will rise to a constant height H away from plane XOY of the panel model after processing every point.
Assumption 5 When the riveter's tool arrives at the "leveling position" of each point, the tool goes down, drills a hole, countersinks, puts in a rivet, presses, mills, and rises up to the "leveling position", we call these actions "riveting action". We assume that the "riveting action" costs the same time for each point, termed as
Efficient model of automatic drilling and riveting sequence planning
In this article, we classify the total riveting time into three parts, that is [1] [2] [3] t t t t
where t [1] is a constant related to the quantity of the riveting points, and it is the time occupied by the riveter's tool to complete the riveting action for all the points, shown as Eq. (2); t [2] is the cost of time for the riveter's tool to pass all the points at the leveling position, given by Eq.(3), where i, j are indexes of current point P i and next point P j respectively; t [3] denotes the cost of time to level all the points, shown as Eq. (4), where i is the index of the riveting point. [1] [1]
Making a summary of Eqs. (1)- (4), one of the objectives is stated as: finding a set of Pareto-optimal sequences in order to minimize the total cost of time t, shown as [2] [3]
The cost of time for the riveter's tool moving from current point P i to next point P j depends on the cost of time along three components (components along X, Y and Z directions) of the vector which joins P i and P j .
During the riveting process, the movement of motion mechanism is resolved into movements along X, Y and Z directions aimed at making the riveter's tool arrive at the target point. Fig.2 shows the projections of the vector joining P i and P j on X, Y and Z axes.
Correspondingly, in order to calculate [2] 
it is resolved into three parts which are the cost of time spent on the movement along X, Y and Z directions, that is
where The time spent on the movement along the Z direction is composed of the time consumed by the riveter's tool moving from the leveling position of current point P i to constant height H and from constant height H to the leveling position of next point P j , shown as
Before calculating the time consumed by leveling each point, that is [3] i t , we should know angle A and angle B of the point to be riveted. We can obtain the coordinate (x W , y W , z W ) of a point with respect to the X W -Y W -Z W coordinate system. Using matrix transformation, coordinate (x W , y W , z W ) is transformed into coordinate (x, y, z) with respect to the X-Y-Z coordinate system. Given that the panel's NURBS equation is r(u, v) and a point's coordinate is (x, y, z), we can calculate the point's normal vector based on differential geometry theory. Because the tangent plane equation of the point can be expressed as
where and are parameters of the point on the surface, and the point's normal vector is
Eq. (11) is also equivalent to x y z n i j k (12) No.6
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· 737 · where xi= 
Thus, [3] i t is expressed as
where angular speed B is calculated by geometric
, L X is the length of the X-axis length parallels.
Precision model of automatic drilling and riveting sequence planning
In the riveting process, the change of angle A and angle B is controlled by the mechanism (it is usually the leadscrew). Accuracy of mechanical drive influences the precision of riveting, especially when the leadscrew rotates in clockwise direction and anticlockwise direction alternatively. So, it will improve the accuracy of riveting if the leadscrew rotates in one direction to the greatest extent. In other words, the second objective is expressed as: finding a set of Pareto-optimal sequences aimed at minimizing the number of alternate rotations. Fig.3 shows a model of hyperbolicity panel, which has many arrows on it. The arrows are the normal vectors of riveting points. Ai , Bi and Aj , Bj are angles which are contained by the normal vectors of P i Fig.3 A model of hyperbolicity panel.
and P j with plane YOZ and plane XOZ respectively. During the riveting process, when the riveter's tool moves from P i to P j , the number of the alternant rotation is defined by 0,
1,
The precision model is stated as follows:
To make a summary of Section 3.2 and Section 3.3, the mathematical model can be formulated as [2] [3]
Ant Colony Optimization for Automatic Drilling and Riveting Sequence Planning
The ant colony optimization (ACO) paradigm is a metaheuristic approach for solving hard combinatorial optimization problems. It is inspired by the foraging behavior of real ants and firstly derived by M. Dorigo. A colony of ants use pheromone as communication medium to find the shortest path between nest and food source. As the ants move around, they deposit pheromone which attracts ants. The higher the pheromone concentration on one path is, the more likely for it to be selected. Since the pheromone concentration on short path is higher, it is probable for ants to find the shortest path. ACO is based on the indirect communication of a colony of simple agents, called artificial ants, mediated by artificial pheromone trails [10] . The solution generation by artificial ants is guided by artificial pheromone trails and problem-specific heuristic information.
A proposed ACO is designed in this article to tackle automatic drilling and riveting sequence planning problem. Each ant in current population constructs riveting sequence independently. The values of the two objectives are calculated corresponding to the constructed sequence. Then, compare solutions in current population with the external set of non-dominated solutions using the idea of Pareto dominance to obtain new external set of non-dominated solutions [11] [12] .
Construction of sequences
Finding the Pareto-optimal riveting sequences is the · 738 ·
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No.6 key of automatic drilling and riveting sequence planning. Pseudo-random-proportional rule [13] , which is defined in Eq.(23), is applied to deciding next point j that the riveter's tool should move to 
where ij is the pheromone intensity of the path joining P i and P j , ij the desirability for the riveter's tool moving from P i to P j , a parameter which weighs the relative importance of pheromone trail, a parameter which weighs the relative importance of heuristic information. allowed k refers to all the points to be processed. Every ant has a taboo list taboo k (allowed k = n taboo k ) to keep the points which have already been processed in order to prevent the riveter's tool from processing them again. k ij p is the transition probability from P i to P j for the kth ant.
Heuristic information
The real ants are almost bind creatures, while artificial ants use heuristic information when constructing sequences. In this article, heuristic information consists of two parts. Considering the efficiency of automatic drilling and riveting, one part of heuristic information ij1 indicates the desirability for the riveter's tool moving from P i to P j :
where is a small positive number, whose function is to avoid the denominator of Eq.(25) being zero. The other part of heuristic information ij2 is defined as follows:
where is also a small positive number preventing the denominator of Eq.(26) from being zero. For multi-objective optimization problem, the way for combining desirability to achieve total desirability varies with the problem. Eq.(27) shows that the heuristic information is constituted by the product of heuristic information ij1 and ij2 , while Eq.(28) indicates that the heuristic information is constituted by the weighting of ij1 and ij2 . We will discuss the influence of these two different ways on the solution in Section 5.
where n 1 +n 2 =1.
Pheromone updating rules
In order to avoid that all the ants construct the same sequence, the local pheromone updating rule is applied after each construction step. Taking the efficiency and quality of searching sequences into account, it is essential to improve the local pheromone updating rule because the number of the riveting points is usually huge. As the ants search the sequences, it becomes less significant to update the pheromone. So, a new local pheromone updating rule is brought forward [14] :
where n c is the number of points which have already been processed in current iteration, and n the total number of points. n c is approaching n, consequently, time t and minimum number of alternant rotation N alter calculated based on the nearest neighbor heuristic [13] respectively. According to the experimental result of Ref. [14] , the new local pheromone updating rule (see Eq. (29)) shows superiority of the searching efficiency and the quality of solution over the original one (see Eq. (30)), especially when the problem dimension increases. So, the new local pheromone updating rule will be suitable to solve the automatic drilling and riveting sequence planning problem for large-sized panel.
where local is a constant which has no ability to reflect the fact dynamically that the significance of updating local pheromone becomes smaller and smaller as the ants search sequences. When all the ants finish the search in one iteration, the global pheromone updating rule is only applied to the Pareto-optimal sequences since efficiency is always important for the algorithm to be considered [16] . It is defined as follows:
where global represents the evaporation of pheromone, 
where t k is the cost of time of the kth sequence, and N alterk is the total number of alternate rotation of the kth sequence.
The proposed ACO implementation
To sum up, the key of the proposed ACO for automatic drilling and riveting sequence planning is to express the efficiency and precision of movement from P i to P j by means of the points' coordinates. Meanwhile, the efficiency and precision are considered to be the two objectives for this multi-objective optimization problem, whose procedure to construct solutions is as follows:
Step 1 The m ants are distributed on the n points randomly. In order to achieve optimal solutions in minimum cycles, the number of ants m is set equal to the number of points n [17] . Initialize the quantity of pheromone of all steps (like step ij) before the iteration. Set values of parameter , , global , q 0 , m for ACO operation and parameter v X , v Y , v B , A , L X , H, h for riveting system. The maximum number of iterations is set to be NcMax. We define a set named "external set of Pareto-optimal sequences" which is used to contain the Pareto-optimal sequences.
Step 2 Each ant in current population chooses next point from its own list allowed k (allowed k = n taboo k ) according to the pseudo-random-proportional rule (Eq.(23) and Eq.(24)) respectively. The points which have been visited by one ant are stored in its taboo list taboo k . The local pheromone updating rule (see Eq. (29)) is applied after each construction step during the sequence constructing process. Calculate objective functions (Eq. (19) and Eq.(20)) corresponding to the constructed sequence. Pareto operation mentioned in Section 2 is used to find the Pareto-optimal sequences between sequences in current population and the external set of the non-dominated sequences. If a sequence is not dominated by any other sequences in current population and the external set of non-dominated sequences, this sequence is added to the external set. And all sequences dominated by the added sequence are eliminated from the external set.
Step 3 The global pheromone updating rule (see Eq. (31)) is only applied to the new Pareto-optimal sequences added to the external set in Step 2. Repeat the process in Step 2 until the maximum number of iterations reaches to NcMax or the process goes into stagnation state.
Step 4 When the process in Step 2 stops, sequences in the external set are output as sequences to be selected by engineers in the workshop.
The flowchart of automatic drilling and riveting sequence planning based on the proposed ACO is demonstrated in Fig.4 . Fig.4 Flowchart of automatic drilling and riveting sequence planning based on the proposed ACO.
Simulation Results
The proposed ACO was coded in C++ and tested on a hyperbolicity panel model of ARJ21 (see Fig.5 ). Usually, engineers in the workshop plan riveting sequence simply in a zigzag way. For the hyperbolicity panel model in Fig.5 , the results of sequence planning are shown in Fig.7 . The other two tests were conducted using PSObased and GA-based algorithms for the sequence planning problem. Results show that the highest performance is achieved by setting the control parameters as follows: population of particles n=100, c 1 =c 2 =2, min =0.4, max =0.9 for PSO and population size n=224, length of chromosome L=224, p c =0.8, p m =0.08 for GA. The number of iterations for both algorithms is set to be 10 000 times. Parameter values of PSO and GA are empirically determined in our experiments for better convergence; but we make no claim that these are optimal values. We think parameter optimization is a topic for future research. The optimal sequences obtained by PSO and GA algorithms are shown in Figs.8-9 respectively. Fig.10 provides a comparison of the convergence rates among PSO, GA and the proposed ACO. We note that the proposed ACO has higher convergence rate than PSO or GA. It can find better solution with fewer iterations than other algorithms. Table 1 shows the comparison of performances among the three algorithms and engineers' method. The number of sequences in the external set of Pareto-optimal sequences is more than 10, and we demonstrate two of them here, one using ij = ij1 ij2 (Eq.(27)) as its way for combining desirability, the other using ij =n 1 ij2 +n 2 ij2 (Eq.(28)), both with their cost of time and the number of alternate rotations shown in Table 1 . As we can see, the GA-based algorithm performs no better than engineers' method on both the cost of time to process all the riveting points and the number of alternate rotations, which are defined as comparison criterion No.1 and comparison criterion No.2 respectively. As to criterion No.1, the PSO-based algorithm does almost the same as the proposed ACO, but worse than the proposed ACO which used Eq.(27) to combine desirability when it comes to criterion No.2. It should be pointed out that the proposed ACO consumes more time to finish one iteration than PSO does, although it can find better sequence with fewer iterations. That would be a disaster when it comes to very large-scale automatic drilling and riveting sequence planning problem, for example, the number of riveting points on one large-sized panel may be over 5 000. So, it is essential to consider the combination of PSO and ACO (PSO-ACO). Since there are some reported researches and successful applications on this topic [18] [19] , it would be one of our research fields in the future.
The proposed ACO using Eq.(27) to combine desirability outperforms engineers' method by 41.8% in the cost of time and 51.3% in the number of alternate rotations; while the corresponding figures are 43.2% and 14.2% using Eq.(28) to combine desirability.
As we mentioned in Section 4.2, there are different ways to combine desirability for multi-objective problem in order to achieve total desirability. Table 1 
Conclusions
(1) This article presents a new method to plan automatic drilling and riveting sequence. The multi-objective optimization model of automatic drilling and riveting sequence planning is built considering two objectives, efficiency and precision. The cost of time and the precision of automatic drilling and riveting are described by means of the points' coordinates.
(2) We also improve the local pheromone updating rule. Pareto dominance is incorporated into the proposed ACO to find out the non-dominated sequences.
(3) Finally, the method presented in this article is tested on a hyperbolicity panel model of ARJ21, and it indicates superiority over the engineers' method, the PSO-based and GA-based algorithms.
In the follow-up research for automatic drilling and riveting sequence planning, recommendations for further work are listed below:
(1) Multi-objective optimization model of automatic drilling and riveting sequence planning may take error transfer into account. Error transfer during the riveting process could influence the precision of automatic drilling and riveting. Besides, the deformation of panels caused by previous riveting process should also be considered to decide which point to be processed next. In brief, the method should generate riveting sequence that can minimize the deformation of panels.
(2) Niche strategy could be incorporated into the proposed ACO to improve the algorithm.
(3) The combination of PSO and ACO (PSO-ACO) could be researched in order to make the method suitable for very large-scale automatic drilling and riveting sequence planning problem.
